Abstract. Most exiting algorithm focused on the specific emitter identification, neglected the state identification of emitter. However, using the fingerprinting to identify and estimate the user behavior is useful in many legitimate scenes.While the emitter is moving or shaking, a certain amount of vibrations are generated, which can be investigated as the basis of state identification. However, the subtle vibrations are difficult to capture. In this paper, we propose a novel state analysis technique to identify the state of emitter based on transient signal. The transient signal from the target emitters contains import special information. In order to find the subtle difference, 1-D convolution neural networks (CNNs) is introduced to extract the latent features adaptively. Experimental results have shown that our method can work for specific state identification.
Introduction
In military and civilian spectrum-management fields, specific emitter identification (SEI) is one of the important techniques [1] . It is a kind of technique to identify the individual emitter based on the radio frequency (RF) fingerprint of signal. As we known, when an emitter is turned on, the signal goes through a transient state. As shown in paper [2] , the transient signals from different emitters usually have special RF fingerprints for SEI. However, in the previous researches, the state of emitter identification is neglected in previous researches, which is necessary and useful in some legitimate applications.
With the widespread of emitter, it becomes the important tool in our life and has special meaning in military and forensics fields. Therefore, many researchers began to develop new methods to track and analyze the emitter. In this paper, we try to focus the specific state identification. For the target device, the state of device is connected a feature vector we call it as state. We believe that any device fingerprinting displays different latent features when they are in various states. As a similar result [3] , Subhanjan Saha et al, proposed a low power and low cost fast location tracking system for a smart phone device that is effective in tracking continuous locations of a moving device with very good accuracy. And in their work, authors analyzed that while a person is walking or running with a smart phone, a certain amount of vibration is generated.
As shown in the previous studies, the RF of transient signal was used to SEI effectively. It was mainly extracted from the instantaneous amplitude, phase, frequency and energy envelope. For example, Yuan. Y and Huang Z, they used the time-frequency-energy distribution based on Hibert-Huang to identify the special emitter [2] . Also, the empirical mode decomposition(EMD) was used to obtain the instantaneous amplitude and frequency information as RF fingerprint [4] . Zhao et al. Used the polynomial coefficients of the energy envelope as the RF fingerprint [5] . In the recent paper [6] ,they proposed a novel SEI method based on normalized frequency spectrum features.
In this paper, we propose a method to identify the state of emitter, the key is to find a stable representation of subtle vibration. Currently, deep learning is a new and active area of machine learning research, it has attracted increasing attention and has become a powerful tool in many fields and which is usually applied to classification because of its highly accurate performance [11] . convolution neural networks is a typical DL model, which the 2D CNNs takes a great role in temporal-spatial signals processing such as the image processing, and the 1D CNNs in time series signals such as natural language processing and speech signal processing [8] . In our work, the 1D CNNs is introduced to extract the latent subtle features.
Acquisition Process of Transient Signal
The mobile phone is used as the target emitter because of its widespread. We choose the Global System for Mobile communication(GSM) network. As the GSM signals, their carrier separation is 200kHz within 890MHz-915MHz [9] . In the signal acquisition system, we used a ROHDE&SCHWARZ FSW13 signal and spectrum analyzer which is connected to a monopole antenna to covert the radio frequency (RF) In our system, the main body is the transient signal which is hidden in the typical transmission data as shown in equ (1) .
Where i d is the data sample at time instant i ; N is the number of samples; m is the starting point of the transient signal; k is the endpoint; ) (i n is the channel noise;
. From the previous analysis, the transmission signal goes through a transient state. Therefore, we need to find the exact time when the transient signal starts and ends before constructing state fingerprint. In our work, we applied the detection method proposed in [10] , which required the better performance as the accurate point and tolerate calculation. Firstly, the higher order cumulants (HOC) is computed which has an important feature that the higher order cumulants (greater than second order) of Gaussian noise are permanent zero. Then the relative smoothness measure(RSM) detector which has an obvious characteristic at the starting point and endpoint to detect transients. The other sliding rectangular window is used to calculate the output of the RSM-detector as follows:
where i denotes i th  slide, T L the length of the sliding window, N the length of the energy trajectory and ( ) T i the output of the detector. The window slides one point each time. It is obvious that 0 ( ) 1 T i   . And the RSM-detector output value can be approximately calculated as the output a maximum near the starting point of the transient signal. Mostly, the transient signal should start before the maximum. At last, in order to find the more exact starting point, a Bayesian change detector in is used to detect the change point before the maximum. The detector is given as follows:
where N is the corresponding point of the maximum, 1 m N   ,and ( ) T i is the i th  RSM-detector output. The Bayesian method is used to test each point before N as a potential change point using the expression ({ }| ) p m T . When we find the extract the starting point, we extract the fixed length transmission signal as the transient signal.
State Fingerprint Extraction and Identification
In several studies, different features are extracted for the transient signals, which are supervised and presented to the classifiers as inputs. As we known, the theory of deep learning are often claimed to lead to more optimal system, because they usually alleviate the need of finding the extract features by instead training a stack of features in a end-to-end manner. In this paper, we aim to select the latent and deep features adaptively, and 1-D CNNs is introduced to our state identification system. We used an adaptive 1-D CNN configuration in order to fuse feature extraction and learning phases of the transient signals. The structure of the CNNs is given in Fig.1 . In Fig.1 , we can see the main difference is the usage of 1-D arrays instead of 2-D matrices for both kernels and feature maps. The CNNs consists of one or more pairs of convolution and pooling layers. A convolution layer applies a set of filters that process small local parts of the input where these filters are replicated along the whole input space. A pooling layer generates a lower resolution version of the convolution layer activations by taking the maximum or average filter activations from different positions within a specified window.At last, a soft-max output layer is used on the topmost layer of CNNs to compute the posterior probabilities.
In our 1-D CNNs system, the input transient data matrices are organized as a number of feature maps which is suitable for CNNs processing. After the input feature maps are formed, the convolution and pooling layers apply their respective operations to generate the activations of the units in those layers. It is similar to those of the input layer, the units of the convolution and pooling layers can also be organized into maps.
According 
Where ) , ( k n h m represents the neuron of the th m feature map and f is a nonlinear function, typically a sigmoid function. M is the number of connection weights. The purpose of pooling layer is to reduce the resolution of feature maps. It is usually a simple function such as maximization or averaging.In this work we have made use of averaging. The averaging function is applied to each convolution feature map independently. And we also use the error back propagation algorithm to learn the weights of convolution layer weights in CNNs.
Experimental Results

Experiment Setup
In order to prove the validity of our system, we acquired the GSM signals and the frequency is 890MHz-915MHz. We acquired the GSM signals used the signal acquired system to collect the intermediate frequency (IF) 70MHz signals, and then the transient signals are extracted. In this work, Experiments have been carried out extensively with person carrying smart phones while he is standing, waling and running and we call them as State I, State II and State III. During the experiments we use an Apple phone to prove the different RF features during the different states. We collected 1000 transient signals for each state and choose 500 as the train data and others as the test data randomly and repeatedly. Table1list the configurations for convolutional layers and fully-connected(linear)layers. The algorithm used in training our model is RMSProp with a minibatch of 32, the learning rate is 0.001, mean square coefficient is 0.9. 
Performance Based on Different SNR
In the previous study [6] , it has shown that the SNR is one of the important factors for the performance of SEI system. When the signals are collected in different environments, the recognition rate is different. In this experimental section, we firstly compute the true positive(TP), false positive(FP) and false negative(FN) for each class. The state identification results are shown in Table 2 .We also compute three parameters, they are Pr , Re and I F . From Table 2 we can see that the state fingerprint is effective which are constructed used the transient signals. Thus it can identify the state of smart phones by extracting the latent features used 1D-CNN. However, when the SNR is lower, the recognition results are not very expected.
Performance Based on Different States
In the experiments, we found that different states combination as the input of predict model has different results. In order to state identification performance further, we design the experimental scheme according to different state combination as the input and output in different SNR, and the results are shown in Fig.2 . For evaluating the performance of state fingerprint, a set of experiments are designed which contains different combination for states. Firstly, we can see the highest recognition rates are required for state I and state III (stationary and running) in the all SNR. It can be deduced that the deep features of these two states are more effective. And then the intermediate recognition rates are acquired by state I and state II (stationary and walking). For the identification of state II and III (walking and running), the recognition results are not expected. When the SNR is 35dB, the recognition rate is not arrived 80%. From these experiments, we can see that the mobile and station state are easy to identify, just like waling and stationary or running and stationary. But for the mobile states are not so effective, it is more difficult to identify the person with the target phone is running or walking from the experimental results.
Summary
In this paper, we proposed a novel algorithm to identify three states of target emitter used the GSM signals, which is a technique to track or predict the object the device. We constructed the state fingerprint based transient signals using 1-D CNNs. The system is expected to learn the deep and latent features of transient signals in typical transmission data adaptivley. The experimental results have been shown that the novel method is feasibility to identify the three states.
